Remote-sensing techniques, in particular, multispectral visible and infrared (IR) reflectance, can provide Correlations between plant canopy reflectance and aboveground an instantaneous, nondestructive, and quantitative asbiomass can possibly be used for early prediction of crop yield. Field experiments were conducted in 1998 and 1999 on two soil types to sessment of the crop's ability to intercept radiation and assess whether measurements of canopy reflectance at given stages photosynthesize (Ma et al., 1996). The input of reflecof development could be used to discriminate high from low potential tance into yield production models has been shown to yields among genotypes with known differences in potential grain improve yield estimates (Clevers et al., 1994; Clevers, yield and whether a consistent relationship between yield and canopy 1997). Colwell (1956) Cardenas, 1968) , and leaf age (Gausman et al., 1970) . lite-based (vs. ground-based) measurements. To avoid these problems, a number of indices with reflectance near R and NIR wavelengths have been derived and tested
lite-based (vs. ground-based) measurements. To avoid these problems, a number of indices with reflectance near R and NIR wavelengths have been derived and tested T he ability to accurately predict yield of field crops for their ability to accurately predict total wet and/or dry such as soybean or maize (Zea mays L.) allows procrop biomass, leaf water content, and leaf chlorophyll ducers, economic agencies, and buyers to make deci- (Tucker, 1979) . Among the best was the simple NIR/R sions with respect to crop management, pricing, and ratio, first used by Rouse et al. (1973) , and a weighted available markets. In breeding programs where a numdifference (NIR Ϫ R)/(NIR ϩ R), also termed the norber of new lines are tested against check varieties, an malized difference vegetation index (NDVI) . early yet accurate assessment of yield potential can be A number of physical and plant anatomical factors an important tool for identifying promising genotypes.
can affect reflectance measurements. When the crop does Clevers (1997) reported that many biotic and abiotic not cover the entire soil surface, reflectance measured traits are associated with grain yields, including (i) soil from a certain height above ground level will represent characteristics (particle size distribution, bulk density, the reflectance of both the canopy and the soil surface, organic matter, nutrient levels), (ii) agronomic inputs rather than just the crop itself. Colwell (1974) showed (fertilizers and soil amendments), (iii) field-scale manthat for a 37% soil cover, overall reflectance was close agement (tillage, drainage, and irrigation), and (iv) meto threefold greater on light-colored soils than on darker teorological effects. However, while simulation models soils. The area scanned must be consistently represencan predict yield relatively accurately on a large scale tative of the canopy coverage. Daughtry et al. (1982) under ideal conditions, they are much less accurate showed that the coefficient of variation of reflectance when disease, invertebrate pests, or weeds influence measurements over a soybean crop presenting 71% soil yield or for small research plots (i.e., 5-8 m 2 ). coverage decreased exponentially as sensor height increased. They suggested that the sensor's field of view B.L. Ma, L.M. Dwyer, E.R. Cober, and M.J. Morrison, Eastern Cereal at the soil level should be several times the row spacing. Lorox [3-(3,4-dichloand Richardson, 1990) , maize (Ma et al., 1996) , potato rophenyl)-1-methoxy-1-methylurea] at 2 kg ha Ϫ1 and Dual II (Solanum tuberosum L.) (Bouman et al., 1992) , soybean [2-chloro-6Ј-ethyl-N-(2-methoxy-1-methylethyl) , 1974; Peñ uelas et al., 1994; Filella et al., 1995 
MATERIALS AND METHODS
to a voltage and amplified by the circuitry in the radiometer. The Data Logger Controller measured and logged these sen-
Experimental Sites and Designs
sor millivolt readings. Data of percent reflectance at each pass band were processed subsequently by a computer program This study was superimposed on an experiment characterizusing the calibration and correction constants through a miniing physiological traits associated with yield improvements computer connected to the sensor. The sensor head was among 42 historical soybean cultivars grown at three populamounted on an adjustable pole. The sensor receptor, facing tion densities at two sites on the Central Experimental Farm the center of the plot (between Rows 2 and 3), was parallel at Ottawa, Canada (45Њ23Ј N, 75Њ43Ј W) for 2 yr. In 1998, to the ground surface, with a view of 0.8-to 1.0-m diam. At experiments were conducted on a well-drained sandy loam each sampling, duplicate measurements were taken within soil (coarse-loamy, mixed, mesic, Endoaquolls) of the Granby each plot and averaged. Data collection started when the maassociation and an imperfectly drained clay loam (Typic Enjority of the MG 00 genotypes were at the R2 stage (Fehr and doaquolls) Humoin 1999] . These dates corresponded to R2, R4, and R5 Ϯ10 d Ferric Podzol (Haplorthods). In each case, soil samples from of soybean development stages for all genotypes in the experifour locations within each block (replication) were taken at ment. At each sampling date, reflectance measurements for the depth of 30 cm before planting and tested for available each site were taken on a sunny day for a total of 6 h. Optimum P, K, and S. Sufficient nutrients were applied according to condition is assumed when canopy reflectance is measured recommendations based on the soil test results. within 2 to 3 h of solar noon. Data collection in the current A 3-by-42 factorial experiment, arranged in a randomized study may have not occurred under ideal conditions but folcomplete block design with three replications, was used at lowed the instrument's recommendations (MSR16, CropScan, each site-year. Three population densities (25, 50, and 75 seeds Rochester, MN). In all cases, variable weather conditions m Ϫ2 ) represented low, optimum, and high seeding rates rela-(clouds and wind) were avoided during data collection. For a tive to current recommendations. The final stands were aptypical screening or regional variety performance test, it takes proximately 20, 40, and 60 plants m Ϫ2 . Of the 42 cultivars only 1 to 2 h for an experiment with 100 plots or less. Sensor representing 58 years of soybean yield improvereadings from pass bands near 613 and 813 nm were used to ment in Canada, 11 were from maturity group (MG) 0, 30 derive NDVI (Ma et al., 1996) as follows: from MG 00, and 1 from MG 000. Detailed genetic background and some agronomic characteristics of these cultivars can be NDVI ϭ (IR 813 Ϫ R 613 )/(IR 813 ϩ R 613 )
[1]
found in Voldeng et al. (1997) . Plot size was 1.6 by 5 m, consisting of four rows spaced where IR and R denote percent infrared and red reflectance, respectively, and the subindices denote the wavelength (nm). 0.4 m apart. Soybean seeds inoculated with Bradyrhizobium Data Analysis and 2.1ЊC, respectively, above the long-term monthly mean . Mean daily maximum and minimum
Pearson's simple linear correlation coefficients between yield temperatures over the 1999 growing season (DOY 121-and reflectance at individual wavelength bands or indices were 305) were 1.9 and 2.0ЊC, respectively, above the longcalculated for each site-year and sampling date. Partial correlaterm mean. While temperature followed a roughly simition coefficients were also obtained using the MANOVA options of SAS (SAS Inst., 1990) . Regression was then performed lar pattern in both years, the amplitude of temperature to determine the relationship between reflectance and grain variation from day to day was greater in 1999 than in yield when both the simple and partial correlation coefficients 1998 ( Fig. 1 ). Seasonal total precipitation was 402 mm for a data set were significant. For the regression model, a in 1998 and 415 mm in 1999, representing 69 and 71%, linear model (GY ϭ a ϩ bx ) was first fit to each data set, respectively, of the 39-yr mean.
and then several curvilinear models were also tested. Of the The accumulated rainfall in the week before first models fitted, power regression was chosen because it depicted planting (DOY 140) was similar (Ͻ5 mm) in both years; the shape better with larger R 2 values than the linear and other however, the rainfall between the start and end of seed- Newton estimation method was used with the start value of the first dates (DOY 190 and 191 in 1998 and DOY 196 0.1 and initial step size of 0.5 for all parameters. In addition, and 197 in 1999) of reflectance measurement (approxiyield as a power function of NDVI was also conducted on data mately R2). As one of the goals of this work was to use arbitrarily subclassed on the basis of MG, grain yield (low vs.
reflectance measurements to assess the yield potential high), days to maturity (early vs. late), plant height (short vs.
of cultivars and/or lines during breeding trials, such a tall), oil content (low vs. high), and all classes combined in variation in growth patterns is useful for assessing if an attempt to assess whether differences existed in NDVI and yield relationships between soybean cultivar groups.
variety differences in yield can be predicted under typical breeding trial conditions.
RESULTS AND DISCUSSION Choice of Reflectance Indices Weather Patterns
Both simple and partial correlation analyses showed Mean daily maximum and minimum temperatures over the 1998 growing season (DOY 121-305) were 1.4 that soybean grain yields were negatively correlated (P Ͻ 0.01) with canopy reflectance at the 500-to 650-nm were not normalized and were susceptible to illuminawavelengths (r ϭ Ϫ0.70 to Ϫ0.90) but positively assocition changes. Therefore, NDVI was chosen as the paated with reflectance near 700-to 800-nm wavelengths rameter with which to investigate the reflectance-yield (r ϭ 0.50-0.80). There was a clear trend for the correlarelationship in soybean given its common use and the only tion between yield and reflectance to be greater at the minor improvement in R 2 obtained by the (NDVI ϩ late sampling dates (R4 and R5) than at the early sam-0.5) 0.5 transformation. pling dates (R2). The r values for the correlation between yield and NDVI were among the largest in mag-
Effect of Genotype Characteristics
nitude and positive. Therefore, it warranted a further The influence of soybean crop characteristics on the quantitative regression analysis. NDVI-yield relationship was investigated for the culOur data analyses showed that a power regression of tivars studied for which detailed characteristics were yield as a function of canopy reflectance, expressed as available from another study (Voldeng et al., 1997) . The NDVI (GY ϭ a ϩ bNDVI c ), was better than linear (GY ϭ R 2 values obtained for the yield-NDVI relationship of a ϩ bNDVI) or exponential (GY ϭ a ϩ be NDVI ) functwo soils ϫ three sampling dates (averaged across block tions (data not shown), particularly for the late sampling and density) are presented in Table 2 . date (R5). Similarly, Wanjura and Hatfield (1987) reWith the exception of the first sampling day (DOY ported a larger R 2 value for soybean biomass as a power 190) in 1998 for the sandy soil, early mature cultivars function of NDVI. Table 1 presents the coefficients of (MG 00 and MG 000) showed a larger R 2 than the MG 0 determination for a power regression of various refleccultivars or all maturity groups combined, i.e., early tance parameters against soybean grain yield for each cultivars showed a better yield-NDVI relationship than soil type in both years. Across soil types, the largest R 2 the later (0 group) genotypes or all cultivars combined values were obtained for IR/R, (IR/R) 0.5 , and (NDVI ϩ ( Table 2 ). This trend was confirmed for all soil ϫ sam-0.5) than higher yielding cultivars (3101-3850 kg ha Ϫ1 ), or has been noted (Morrison et al., 2000) that cultivars developed before 1976 (low yield and low-oil content all cultivars, for all soil ϫ sampling date comparisons. The better association between yield and canopy reflecgroups) had larger decrease in LAI and larger increase in seed oil content with year of cultivar release than tance in the low-than high-yielding cultivars was probably related to the fact that older cultivars had greater Table 3 . Statistics of power regression functions (GY ϭ a ϩ LAIs than newer ones (Morrison et al., 1999) . We hy- made it difficult to differentiate among them. Similarly, (Ma et al., 1996) . Table 2 (as well as Tables 3 and 4 than high fertility (Ma and Dwyer, 1998 and low-oil groups at the DOY 190 sampling were probably due to the fact that differences in these traits had † DOY, day of year. ‡ SDErr, standard error of estimates.
not developed at the time of sampling. Alternately, it rity like those of Mahey et al. (1991) . † SDErr, standard error of estimates.
In general, the yield-NDVI relationship was linear (data not shown) at the first two sampling dates (R2 to those developed afterwards. These inherent cultivar R4), but fairly clearly a power relationship was required morphological and physiological differences may have to describe the relationship at the third sampling date influenced the yield-NDVI relationship differently.
(R5) (Fig. 2 and 3 ). Changes in equation parameters across year and site indicate that caution must be taken
Influence of Sampling Dates
when estimating grain yield under specific conditions. The degree of scattering, especially in the loam site of The regression equation parameters and R 2 values 1999 (Fig. 3B ), was probably due to several factors, were generated for all soil ϫ sampling date combinanamely (i) larger variability in radiation during the day tions for both 1998 and 1999 (Table 3) . Soybean varieties of reflectance measurement associated with large numin this short growing-season region are indeterminate, ber of plots involved, (ii) weeds in some of the plots, and yield potential is set at the later stages. As a result, and (iii) different potential yields among genotypes with R 2 values for the yield-NDVI relationship were insimilar canopy structure. It is relatively easy to alleviate creased with later sampling dates on almost all occaand/or avoid problems no. i and ii because yield-NDVI sions. Mahey et al. (1991) demonstrated that sampling relationships are applicable for a variety performance dates had a significant impact on the yield-NDVI relatest, which usually contains 100 plots or less. Measuretionship in wheat, with the correlation coefficients bement of canopy reflectance would take only 1 to 2 h, tween NDVI and yield becoming larger after flowering with minimum variability in radiation during the meathan at booting. However, the relationship broke down surement, and it is also easier to keep the field weed during senescence. Stone et al. (1996) , also working with free. For concern no. iii, as Morrison et al. (1999) nowheat, found no such differences in the R 2 for 1/NDVI ticed, LAI has significantly decreased with year of cultivs. yield among Feekes Development Stages 4 through 6. The improvement in R 2 values between yield and var release for the last 58 yr and that some of the current
CONCLUSIONS
From the data presented, it is evident that a number of factors influence the yield-NDVI relationship. Growth conditions or cultivar differences that result in lower yields enhance the association (larger R 2 ) while later maturing cultivars show lower R 2 values than early cultivars. Differences in the strength of the yield-NDVI relationship were also observed with maturity, plant height, and seed oil content. The soil type, while it did not affect reflectance in terms of background vs. canopy because all measurements were taken when canopy was closed, influenced R 2 within each year based on its effect on yield; lower yielding soils showed a larger R 2 . While planting density did not affect the yield-NDVI relationship at the development stages studied, across densities, the R 2 increased as development proceeded. This pattern was similar to one observed previously in maize (Ma et al., 1996) . Considering the number of samples involved in this study (378 plots for a single site-year), a minimum of 6 h was required for canopy reflectance measurement. It was assumed to be ideal when reflectance measurements were taken under constant sun angle, solar radiation, and wind-free conditions. In reality, such an ideal situation does not occur in field experiments with a large number of observations as was the case in this study. However, as a screening performance trial of soybean canopy reflectance at the R5 stage differentiated high-from low-yielding genotypes; thus, there are potential uses of canopy reflectance as a reliable, quick, soybean cultivars had similar grain yields but with disrepeatable indicator for ranking genotypes in screening tinct canopy structure (ranges of LAI). The NDVI is and estimating grain yield. Further research is being strongly related to leaf greenness and LAI or aboveundertaken to refine the conditions for using canopy ground biomass (Ma et al., 1996) . Thus, predicting soyreflectance as a yield indicator in a breeding program. bean yield based on the yield-NDVI relationship should take the genotypic canopy structure into account. Fortunately, however, there are generally much smaller ranges
